ABSTRACT This paper applies the reference-dependent utility theory (RDUT) to model traveler's route choice behaviors under travel time variability and develops a user equilibrium (UE) model based on RDUT for stochastic traffic networks. The proposed model explicitly considers both the absolute utility (or consumption utility) and the relative utility (or gain-loss utility) in the travelers' path choice decision procedure. The former is determined by the stochastic path travel time while the latter is measured by the actual path travel time relative to a reference time point. Subsequently, the RDUT-based UE model, which can be equivalently formulated as a variational inequality problem and solved by a heuristic algorithm, is employed to explore how risk aversion and reference-dependent preference jointly determine network equilibrium patterns. Both the features and applicability of the proposed RDUT-UE model and the designed solution algorithm are demonstrated in two numerical examples. This paper further establishes an RDUTbased dynamic traffic system which incorporates commuters' learning, choosing, and renewing process in dynamic path choices and captures the day-to-day dynamic traffic flows. Another numerical example is presented to show how the dynamic traffic system evolves to the UE status.
I. INTRODUCTION
Many researches have included travel time variability (TTV) into travelers' path choice decision and network equilibrium models. Under different behavioral assumptions or modeling philosophies on travelers' route choice behaviors, the existing user equilibrium (UE) models under TTV comprise the travel time budget (TTB)-based UE models (Lo et al. [1] ; Shao et al. [2] ; Siu and Lo [3] ; Lam et al. [4] ; Sun et al. [5] , [6] ), the percentile travel time (PTT)-based UE model (Nie [7] ), the late arrival penalty (LAP)-based UE model (Watling [8] ), the mean excess travel time (METT)-based UE models (Zhou and Chen [9] ; Chen and Zhou [10] ; Chen et al. [11] ; Xu et al. [12] ), the game theory
The associate editor coordinating the review of this manuscript and approving it for publication was Guoqi Xie. decision-making behavior under risk or uncertainty. Köszegi and Rabin [27] presented the basic framework of RDUT which is developed based on CPT. In the RDUT, people's preferences are also characterized as reference-dependent. However, gains and losses (gain-loss utility) are explicitly not all that decision makers focus on, the absolute level of utility is often rewarded. Köszegi and Rabin's [27] and Lindsey [28] assumed that a person's overall travel utility has two elements: ''consumption/intrinsic utility'' and ''gainloss utility''. Chorus [29] showed that the RT (Loomes and Sugden [30] ) could be used to describe travelers' risky route choices behavior under TTV and model the traffic equilibrium problem. In contrast with CPT, RT-approach postulates that a traveler's overall utility for a trip is the combination of ''expected utility'' and ''regret-rejoice utility''. The latter is just the same to ''gain-loss utility''. Thus, it is significant to incorporate both ''consumption utility'' and ''gain-loss utility'' of one trip into the UE model to describe travelers' route choice behaviors under TTV.
This paper formulates a RDUT-UE model for stochastic traffic networks. It is further assumed that travelling a route yields a ''absolute utility'' or ''consumption utility'' determined by the stochastic travel time on such route and a ''relative utility'' or ''gain-loss utility'' estimated by the experienced travel time on such route relative to a reference time point. Hence, the traveler's overall travel utility of a used route is the gross of ''absolute utility'' and ''relative utility''. Then, the traditional UE condition can now be extended as follows to the RDUT-UE condition: network equilibrium is accomplished when no user can improve his or her referencedependent utility (or overall utility) by unilaterally switching routes. Moreover, the ''absolute utility'' function can reflect travelers' characteristic of risk aversion (Xie et al. [31] - [33] ), while the ''relative utility'' function could depict travelers' characteristic of reference dependence.
As time goes on, the transportation system in reality is often constantly changing, which results in the varying link and route travel time. However, travelers can predict the future travel cost by the change rule of traffic system and travel time. In other words, in the day-to-day travel process, travelers can adjust the route choices by the prediction of travel cost, which can be named travelers' learning and renewing procedure. Smith [34] firstly presented a dynamic path choice mechanism based on travel behavior and network equilibrium for modeling the day-to-day traffic system evolution. Since then, many scholars suggested a host of behavior-based or equilibrium-based adjustment procedures for modeling day-to-day evolution in deterministic road networks (e.g., Smith [35] ; Friesz et al. [36] ; Zhang and Nagurney [37] ; Yang and Zhang [38] ; He et al. [39] ; Guo and Liu [40] ; Guo et al. [41] ).
However, to our knowledge, little attention has been paid to travelers' learning, choosing and renewing process in realistic traffic networks with stochastic demand and supply. Xu et al. [42] was the pioneer to propose a dynamic dayto-day evolution model for exploring how commuters make adjustment of their route choices day by day in stochastic traffic networks. This research presents a new behaviorally consistent day-to-day evolution mechanism to model travelers' dynamic route choice behaviors in stochastic road networks. An important feature of our analysis which is distinct from Xu et al. [42] is that we have demonstrated that travelers' route choice behaviors under TTV follow the choice mechanism of RDUT other than CPT. Then, the RDUT-based stochastic user equilibrium (RDUT-SUE) approach is applied to model travelers' behavioral changes over time since several features of route choice behavior can be took into account in the RDUT-based route choice scheme. This paper further models travelers' learning, choosing and renewing behavior in route choices and develops RDUT-based dynamic traffic system. Finally, the study illustrates the evolution process from the dynamic traffic system to the user equilibrium status by a numerical example.
The remaining part of the paper is organized as follows. In Section II, we discuss the related literature. Section III introduces the basic traffic network model, referencedependent preference and reference-dependent travel utility. Section IV establishes the RDUT-based user equilibrium model. Section V proposes a RDUT-based dynamic traffic system and Section VI concludes the paper.
II. LITERATURE REVIEW
There are two parts in this literature review. The first part reviews the traffic assignment and network equilibrium studies, with an emphasis on the gaps that remain in the literature of travelers' route choice behavior under risk. The second part reviews the dynamic traffic system evolution literature, focusing on the distinctions in evolution mechanism between our research and the existing literature.
A. TRAFFIC NETWORK EQUILIBRIUM
Modeling travelers' route choice behaviors and traffic equilibrium problems play an important role in urban transportation planning and management. Recently, TTV has been a significant topic owing to its important influences on commuters' travel choice behavior as pointed out by many theoretical and practical studies (Lo et al. [1] ; Shao et al. [2] ; Siu and Lo [3] ; Lam et al. [4] ; Sun et al. [5] , [6] ). These studies found that commuters indeed treat TTV as a risk when making travel choice (including departure time, travel mode and route) decisions, because they cannot predict the exact time which is needed to reach the destination. That is to say, TTV unavoidably leads to uncertainty for an on-time arrival (or risk for an early/late arrival) at the destination. Thus, commuters focus on expected travel time saving as well as travel risk avoidance in their travel choice decisions every day.
However, the widely used UE model, which employs the mean of route travel time as the unique criterion, ignores the important role of TTV and risk preference in travelers' daily route choice decision-making process. That is to say, the classic UE model implicitly supposes that all commuters to be risk-neutral. Furthermore, the conventional stochastic user equilibrium (SUE) model, which incorporates travelers' stochastic perception error on path travel time, also neglects the effect of TTV and risk preference in travelers' route choice decision procedure. In other words, it also implicitly supposes all commuters to be risk-neutral.
In a typical manner, ''TTV can be represented by two different aspects: reliability aspect and unreliability aspect'' (Zhou and Chen [9] , Chen and Zhou [10] ). To consider the former, the essential idea of TTB has been employed in the literature. Due to degradable capacities of links, Lo et al. [1] formulated a probabilistic UE model to consider the characteristics of travelers' risk aversion in route choice decision-making. By supposing that TTV is introduced by the stochastic travel demand other than supply capacity fluctuation, Shao et al. [2] proposed a TTB-based UE model under travel demand fluctuation. Later, Siu and Lo [3] and Lam et al. [4] further extended the reliability aspect of TTV to model commuters' route choice behaviors in a traffic network with both stochastic traffic demand and degradable link capacity.
On the other hand, the essential idea of schedule delay (SD) is adopted for the consideration of the unreliability aspect of TTV. Watling [8] proposed a LAP-based UE model by incorporating the SD term into the travel disutility function.
To appropriately describe commuters' route choice decision procedure under TTV, both reliability and unreliability dimensions of TTV should be took into account at the same time. Recently, Zhou and Chen [9] , Chen and Zhou [10] , Chen et al. [11] and Xu et al. [12] proposed the METT model, where each user attempts to minimize his/her METT, which is clearly defined as ''the conditional expectation of the travel time exceeding the TTB''.
In recent years, studies have been interested in adopting the behavioral economics theory, e.g., the CPT (Kahneman and Tversky [43] , Tversky and Kahneman [44] ) which is regarded as a leading behavioral paradigm to describe decision-making progress under risky or uncertain environment, into the modeling of travelers' route choices behavior and network equilibrium. Avineri [21] firstly incorporated CPT in travelers' route choice behavior and user equilibrium analysis in a simple stochastic road network. Connors and Sumalee [22] and Sumalee et al. [23] definitely proposed a common CPT-UE model for general stochastic traffic networks, which is of some help to the afterward researchers. Xu et al. [24] further developed a multiclass CPT-UE model by considering endogenous reference points (RPs) for stochastic traffic networks due to demand uncertainty. Wang et al. [25] presented a robust UE model based on CPT without the probability distribution information of the stochastic route travel time. Wang and Sun [26] extended the conventional CPT-UE model by clearly capturing travelers' stochastic perception errors on travel times within their route choice decision procedures.
For other traffic assignment or network equilibrium models in consideration of TTV, interested readers may refer to the GT-UE models (Bell [13] ; Bell and Cassir [14] ; Szeto et al. [15] ), the EUT-UE models (Yin et al. [16] ; Chen et al. [17] ; Di et al. [18] ), the RWUE models (Ordonez and Stier-Moses [19] ; Zhang et al. [20] ). The traffic equilibrium models under TTV reviewed there-in-before are summarized in Table 1 .
B. TRAFFIC SYSTEM EVOLUTION
Smith [34] was the pioneer to model the day-to-day dynamic traffic system evolution. Since then, some scholars presented a host of dynamic route choice adjustment mechanism in deterministic traffic networks (e.g. Smith [35] ; Friesz et al. [36] ; Zhang and Nagurney [37] ; Yang and Zhang [38] ; He et al. [39] ) which inevitably force the traffic flows to the classic UE patterns. Guo and Liu [40] and Guo et al. [41] formulated a general link-based day-to-day dynamical model to characterize the traffic system evolution process. Xu et al. [42] proposed a day-to-day dynamic approach to model travelers' dynamical route choice behaviors in stochastic road networks. Cantarella et al. [45] studied the optimal traffic signal controlling problem using a day-to-day dynamic formulation.
C. SUMMARY OF CONTRIBUTION
The main contributions of this paper are summarized as follows. Firstly, we propose a reference-dependent travel utility model, which belongs to the RDUT. The travel utility is the sum of ''absolute utility'' determined by the route travel time and ''gain-loss utility'' estimated relative to a reference time point.
Secondly, we develop a RDUT-UE model and show that such model can be equivalently formulated as a VI problem and solved by a heuristic algorithm. We test the features and the popularization of the proposed RDUT-UE model and the proposed solution algorithm in a small network and the Nguyen-Dupuis network to show the resulted flow patterns.
Thirdly, the RDUT-UE model can be reduced to the DUE, EUT-UE and CPT-UE model with properly selected ''consumption utility'' function and ''gain-loss utility'' function. In other words, a more general model of risk preference analysis in commuters' route choice decisions is developed in this paper.
Finally, we further model travelers' learning, choosing and renewing behavior in route choice and develop RDUT-based dynamic traffic system.
III. BASIC MODEL
We first summarize the acronyms and notations used hereafter in this paper.
A. ACRONYMS

TTV:
Travel time variability UE:
User equilibrium DUE:
Deterministic user equilibrium SUE:
Stochastic user equilibrium TTB:
Travel time budget PTT:
Percentile travel time LAP:
Late arrival penalty METT: Mean-excess travel time GT:
Game theory EUT:
Expected utility theory PT:
Prospect theory CPT:
Cumulative prospect theory RP:
Reference 
gain-loss utility function
reference-dependent utility function
probability density function (PDF)
RP of a trip between O-D pair r ∈ R U k r : actual reference-dependent travel utility of path k ∈ K r PU k r : perceived reference-dependent travel utility of path k ∈ K r ζ k r : perception error on path k ∈ K r p k r : path choice proportion on path k ∈ K r m, n, θ, β, γ , η, λ : function parameters ξ, τ :
convergence tolerance According to Shao et al. [2] , the link flow (V a ) and route flow (F k r ) also follow normal distributions:
where f k r and ε f ,k r are the mean and SD of the flow on route k ∈ K r , v a and ε v a are the mean and SD of the flow on link a ∈ A.
The flow conservation relationships can be given by:
By taking the mean, it follows from Eqs. (3)-(5) that
where δ k,a r is a link-path incidence whose value is 1 if link a is on path k, and 0 otherwise.
We adopt the following bureau of public roads (BPR) link performance function:
where t 0 a , s a and T a are link a's free-flow travel time, capacity and travel time, respectively; m and n are deterministic parameters.
Similar to Shao et al. [2] , the distribution of the route travel time can be derived as follows:
where t k r and ε k,t r are the mean and SD of the route travel time, which can be further derived by the following equations:
where t a and ε t a are the mean and SD of the link travel time, respectively. It is assumed that the distribution of the path travel time is clear to commuters. We further denote the CDF and PDF of T k r as ψ k r and ϕ k r .
D. REFERENCE-DEPENDENT PREFERENCE
An individual's utility depends not only on his or her consumption bundle, x, but also on a reference bundle, ω. The overall utility perceived by a person is given by u ( x| ω) = c (x) + g ( x| ω), where c (x) is denoted as the ''consumption utility'' and g ( x| ω) as the ''gain-loss utility''. We adopt the common gain-loss utility function: g ( x| ω) = µ (c (x) − c (ω)), where µ (·) conforms to the properties of the value function in Kahneman and Tversky [43] and Tversky and Kahneman [44] . With the above consumption and gain-loss utility functions, the reference-dependent utility with a stochastic outcome x can be expressed as (16) where U (x) is the reference-dependent utility, ψ (x) and ϕ (x) denote the CDF and PDF of the associated outcome x, respectively.
E. REFERENCE-DEPENDENT UTILITY
Given that the RDUT provides an excellent descriptive framework for persons' decision making under risky or uncertain environment, this study applies such theory to describe commuters' route choice behavior in stochastic traffic networks. In this section, we shall provide the basic consumption utility, gain-loss utility and reference-dependent travel utility functions used in transport studies.
1) CONSUMPTION UTILITY FUNCTION
The form of consumption utility function depends mainly on the level of an individual's risk aversion. A representative function which considers the so-called constant absolute risk aversion (CARA) (Chorus [29] ; Levy [46] ; de Palma and Picard [47] ) is taken as follows:
where θ ∈ (0, +∞) is a risk aversion parameter. Higher values of parameter mean higher degrees of risk aversion. As θ gets closer to zero, risk aversion disappears. Fig. 1 shows the effect of θ on the utility function: higher values of θ are related to higher levels of concavity of the utility function. 
2) GAIN-LOSS UTILITY FUNCTION
Specifically in the travel choice context, in comparison with the RP of a trip, commuters may regard one daily trip as a ''gain'', if the experienced travel time of the trip is less than the RP time; as a ''loss'' if otherwise. A typical example of a gain-loss utility function g T k r ω r is in Eq. (18) (Köszegi and Rabin [27] ; Lindsey [28] ).
where ω r is a RP and parameter η reflects the strength of gainloss utility. The parameters β and γ measure the degree of diminishing sensitivity of gain-loss utility function (0 < β, γ ≤ 1). To identify the effects of the most important factors, in the following sections we suppose the gain-loss utility function to be linear by letting β = γ = 1. The parameter λ (λ ≥ 1) is the ''loss-aversion'' parameter, implying that the travelers are more impressible to losses than gains.
Consequently, the reference-dependent travel utility of route k can be calculated as follows:
where x denotes the path travel time, U k r is the referencedependent travel utility of path k between O-D pair r, t k r and t k r are the lower and upper bounds of the travel time of route k, respectively.
IV. REFERENCE-DEPENDENT UTILITY-BASED USER EQUILIBRIUM MODEL A. MODEL FORMULATION AND PROPERTY
The RDUT-based UE is analogous to the Wardrop UE. A long time network equilibrium status can be realized when no user could improve his or her travel utility by unilaterally changing paths. At RDUT-based UE, all used routes have equal (maximum) reference-dependent travel utility. Mathematically, the RDUT-based UE conditions can be expressed as follows:
where r = max k∈K r U k r . Then, the RDUT-UE condition can be equivalently formulated as the following variational inequality (VI) model, which is to obtain a route flow pattern f * ∈ , such that U f
where f = f k r r∈R,k∈K r , U (f) = U k r f k r r∈R,k∈K r , denotes the constraint set that consists of Eqs. (6)- (8) .
Two propositions are provided hereinbelow. The first proposition shows that the VI problem is equivalent to the proposed RDUT-UE model, and the other one proposes that the solutions of the RDUT-UE model can be found.
Proposition 1: The solution of the VI formulation (21) is equivalent to the solution of the RDUT-UE model.
∀f ∈ . Thus, f * is a solution to the VI formulation (21) if and only if it is a solution to the following linear programming model:
According to the relationship between the primal and dual solutions of linear programming (22), we have
Distinctly, Eqs. (23) and (24) indicate that the equilibrium route flow pattern meets the RDUT-UE condition (20) . This completes the proof.
Proposition 2:
The RDUT-UE model has at least one solution.
Proof: From Proposition 1, we only need to take into account the solution of the equivalent VI formulation. Note that the feasible set is nonempty and convex. Furthermore, after examing the continuity of the link travel time function, consumption utility function, gain-loss utility function and reference-dependent utility function, respectively, it is no difficult to obtain that the mapping U (f) is continuous. Thus, the VI formulation (21) has at least one solution. However, it is noted that the solution to the VI formulation is not unique in general because the mapping in the VI problem may not be strictly monotone in view of the non-simple functional form for the reference-dependent travel utility. This completes the proof.
B. RELATIONS WITH MODELS IN THE LITERATURE
The proposed RDUT-UE model involves several UE models in the literature as the specific cases.
• Let θ ≈ 0 in c T k r defined in (17) and η = 0 in g T k r ω r defined in (18) , then the RDUT-UE model degenerates to the deterministic UE (DUE) model in a uncertain traffic network in which commuters are supposed to make their route choice decisions depending mainly on the expected route travel times.
• Let η = 0 in g T k r ω r defined in (18) , then the RDUT-UE model reduces to the EUT-UE model.
• Let the value of η in g T k r ω r defined in (18) be large enough, then the RDUT-UE model reduces to the CPT-UE model.
C. SOLUTION ALGORITHM
As is well-known, the method of successive average (MSA) can be employed to solve the VI problem (21) (Sumalee et al. [23] ; Xu et al. [24] ; Wang et al. [25] ; Wang and Sun [26] ). The MSA algorithm is briefly developed as follows:
Step 0: Initialization. Set l = 1 and specify an original route flow pattern f (l) and the convergence tolerance ξ .
Step 1: Determination of travel time distribution. On account of the current path flow pattern f (l) , calculate the mean and SD of the link/path travel time.
Step 2: Travel utility calculation. Calculate the referencedependent travel utility value for each path according to Eqs. (17)- (19) .
Step 3: Check convergence. Terminate the algorithm if
≤ ξ . Otherwise, go to Step 4.
Step 4: Route flow updating. Regenerate the route flow pattern as f (l+1) = f (l) + sf (l) , where step size s = 1 l. Set l = l + 1, go to step 1. With reference to the search direction
is the specific flow pattern with f k r = q r χ r if U k r = r and 0 otherwise, where χ r is the number of routes whose reference-dependent travel utilities are the maximal.
D. NUMERICAL EXAMPLES
The purpose of this section is to illustrate the features and applicability of the proposed RDUT-UE model and solution algorithm. Two numerical examples are given in this section, respectively. The first example is used to compare the equilibrium results of the DUE, EUT-UE, CPT-UE and RDUT-UE model. The second one is employed to demonstrate the popularization of the RDUT-UE model and the MSA to general network. 
1) SMALL NETWORK
A simple network from Chen and Zhou [10] , as shown in Fig. 2 , is adopted in the numerical example. There are 5 links between a sole O-D pair (1-4) . The route-link relationship is provided in Table 2. Table 3 shows the link characteristics of the small network. The mean of O-D demand and the CV are supposed to be q r = 1000 and cv = 0.5. The coefficients in the BPR function are m = 0.15 and n = 4. The parameters of the utility functions are assumed to be θ = 0.03, η = 1, and λ = 2. Table 4 and Fig. 3 give the equilibrium route flow patterns for this small network under four equilibrium conditions: DUE, EUT-UE, CPT-UE and RDUT-UE. It is noted that, in the CPT-UE model, (i) the value function is assumed to be linear; (ii) the parameter which is called ''loss-aversion'' coefficient is equal to 2; (iii) the parameter which is represented the level of distortion in probability estimation in weighting function is equal to 1. We can see that the EUT-UE, CPT-UE and RDUT-UE traffic flow patterns are quite different from the DUE traffic flow patterns. This is because, the EUT-UE, CPT-UE and RDUT-UE models consider the risk aversion in the travelers' route choice problem, while the DUE model ignores it. The CPT-UE and RDUT-UE models take into account the reference-dependent characteristic in the commuters' route choice process, while the DUE model neglects it. The sensitivity of the RDUT-UE pattern to the value of the RP and η and θ parameters is presented in Fig. 4-7 . It can be seen from Fig. 4-5 that the route flow and travel utility that result from the proposed RDUT-UE model are highly sensitive to RP values when the value of parameter η is larger. It is to be expected as parameter η represents the strength of relative (or gain-loss) utility. Laciana and Weber [48] supposed that the relative (or gain-loss) utility does not surpass 10% of the absolute (or consumption) utility. In contrast, Rotemberg [49] adopts an example with the parameter η = 1. The value of parameter η can be obtained from empirical research which is one of our topics for further investigation.
In Fig. 6 and 7, the route flow and travel utility that result from the proposed RDUT-UE model are highly sensitive to RP values when the risk aversion parameter θ value is large. Higher values of θ are related to higher levels of risk aversion. The RDUT-UE model, which is different from the CPT-UE model, is characterized by a high sensitivity not only to the value of the RP, but also to the individual's perception of risk aversion. 
2) GENERAL NETWORK
Then, we present a general example to illustrate the applicability of the proposed RDUT-UE model and the MSA. In this example, we use the well-known Nguyen-Dupuis network shown in Fig. 8 . The fixed free-flow travel time and capacity of each link are listed in Table 5 The convergence criteria is set as ξ = 0.1. Table 6 shows the assignment result for the RDUT-based UE model. Based on these results, the convergence of the algorithm can be guaranteed. It can be easily seen that the travel utilities of all used routes between each O-D pair are almost equivalent and the travel utilities of unused paths are lower than the ones of used paths.
The convergence of the proposed MSA in terms of M is shown in Fig. 9 , in which the algorithm stops running when the value of M is almost equal to zero after 178 iterations. Another important finding is that the variation of the value of M is larger at the initial iterations and will become smaller along with the iterative process. To demonstrate the convergence of the proposed MSA in development, for simplicity and without loss of generality, we only examine the evolution of traffic flows and travel utilities on path 1 and 4 during the iterative process depicted in Fig. 10 and 11 . From Fig. 10 and 11 , it can be easily seen that the designed MSA rapidly converges to the desired solution precision. Specifically, the travel utilities of used paths for a given O-D pair (i.e., path 1 and 4) are becoming closer to each other during the iterative process and the traffic flows on used paths finally stabilizes after 178 iterations. Thus, it demonstrates that the proposed MSA enable to achieve a stable equilibrium solution.
V. TRAFFIC SYSTEM EVOLUTION
This section proposes a novel dynamic model to explore how travelers perceive stochastic travel times from day-today and describe travelers' day-to-day behavioral changes in stochastic road networks. Section A presents the characters of the day-to-day dynamic model which incorporates the learning mechanism. Section B uses a numerical example to demonstrate the applicability of the proposed model. actual traffic flow on all routes is equivalent or lower than the positive coefficient τ , where τ is sufficiently small.
B. NUMERICAL EXAMPLE
To illustrate the RDUT-based dynamic traffic system evolution, a simplified two-route network (in Fig. 12 ) is considered. It is supposed that route (link) 1 is an expressway while route (link) 2 is an arterial road. The following example and analysis may be extended toward larger and more complex networks.
The travel time functions for these two links are supposed as follows:
where V 1 and V 2 are link flows.
The O-D demand is assumed to be 275. The basic parameters of the consumption and gain-loss utility functions are assumed to be θ = 0.03, η = 1, and λ = 2. Besides, I = 10 and τ = 0.1. The base RP is set at 1.0. The original value of network flow is randomly generated. The traffic flow on route 1 is supposed to follow Normal distribution. The mean and SD of the traffic flow on route 1 are 140 and 20, respectively. Fig. 13 presents the results of dynamic traffic system evolution. Fig. 13(a) displays the convergence time of system evolution under different prediction accuracy cases. If α=0.1, travelers' perception on travel time mainly depends on travel experience, then the traffic system cannot converge. After the system evolves for a long time, network flow can maintain the storming state (as shown in Fig. 13(b) ). If α > 0.1, the dynamic traffic system can often achieve the convergence state. Moreover, the larger the value of α, the faster the traffic system converges (as shown in Fig. 13(c) and Fig. 13(d) ). Under the convergence state, the reference-dependent utilities of the two used routes (links) are the same.
From Fig. 13 , it can be found that the RDUT-based dynamic traffic system can converge the Wardrop user equilibrium status if the prediction accuracy of travel time is not low.
VI. CONCLUSIONS AND FUTURE RESEARCH
The RDUT is employed in this paper to describe traveler's route choice behaviors under travel time uncertainty. Firstly, a UE model based on RDUT for stochastic networks is developed to investigate how risk aversion and referencedependent preference collectively determine network equilibrium patterns. The new model explicitly considers both the absolute utility (or consumption utility) and the relative utility (or gain-loss utility) in the commuters' route choice decision procedure. The former is determined by the stochastic route travel time and the latter is measured by the experienced route travel time relative to a reference time point. Then, the proposed RDUT-UE model is formulated as a VI problem and solved by a heuristic algorithm. Finally, this study investigates travelers' behavioral changes day-to-day in stochastic road networks. The RDUT-based dynamic traffic evolution system is established to analyze the formation condition and evolution process of the user equilibrium state.
For future research, several directions are worthy of further investigation. Firstly, the S-shaped gain-loss utility function which is common in CPT will be adopted to characterize the reference dependence and loss aversion. Secondly, Sugden's [51] reference-dependent subjective expected utility model offers an alternative theory to study travelers' route choice behavior and network equilibrium. Finally, in the absence of empirical evidence, the value of parameters needed to compute the reference-dependent utility may be not very efficient in the context of route choice framework. It remains to estimate meaningful value of coefficients for the absolute/relative utility function. Since 2016, he has been an Assistant Professor with the School of Transportation Engineering, Shandong Jianzhu University. His research interests include transportation engineering and engineering management.
